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P ansharpening refers to the fusion of a multispectral 
(MS) image and panchromatic (PAN) data aimed at 

generating an outcome with the same spatial resolution 
of the PAN data and the spectral resolution of the MS 
image. In the last 30 years, several approaches to deal 
with this issue have been proposed. However, the repro-
ducibility of these methods is often limited, making the  
comparison with the state of the art hard to achieve. 
Thus, to fill this gap, we propose a new benchmark con-
sisting of recent advances in MS pansharpening. In par-
ticular, optimized classical approaches [multiresolution 
analysis (MRA) and component substitution (CS)] are 
compared with methods belonging to the third genera-
tion of pansharpening, represented by variational opti-
mization-based (VO) and machine learning (ML) tech-
niques. The benchmark is tested on different scenarios 
(from urban to rural areas) acquired by different com-
mercial sensors [i.e., IKONOS (IK), GeoEye-1 (GE-1), and 
WorldView-3 (WV-3)]. Both quantitative and qualitative 
assessments and the computational burden are analyzed 
in this article, and all of the implementations have been 
collected in a MATLAB toolbox that is made available to 
the community.

OVERVIEW OF PANSHARPENING 
The main objective of satellite remote sensing is to 
provide accurate reproductions of the Earth’s surface. 
This can be obtained by improving hardware to resolve 
many more details in both space and frequency do-
mains. However, it turns out to be a hard task because 
of the stringent constraint of the signal-to-noise ratio 
of satellite products. A way around the problem con-
sists of combining multiple images with complementa-
ry features to get high-quality products through signal 
processing [1].

Pansharpening, which stands for panchromatic sharp-
ening, is a powerful and well-known image fusion 
methodology involving the fusion of an MS and a PAN 
image to provide a final outcome with the same spa-
tial resolution as the PAN image and the same spectral 
resolution as the MS image. Pansharpening has proven 
to be useful for both visual interpretation (see, e.g., its 
use in commercial software such as Google Earth and 
Bing Maps) and as a preliminary step for higher-level 
processing (see, e.g., the use of pansharpened images 
for crop mapping [2], land cover monitoring [3], and 
anomaly detection [4]). Some pansharpening tech-
niques have also been extended to slightly different 
issues, i.e., the fusion of PAN and hyperspectral (HS) 
images [5], [6] and the combination of MS and HS data 
[7]–[10].

Digital Object Identifier 10.1109/MGRS.2020.3019315
Date of current version: 29 October 2020

A New Benchmark Based 
on Recent Advances 
in Multispectral 
Pansharpening
Revisiting pansharpening with classical and emerging 
pansharpening methods

GEMINE VIVONE, MAURO DALLA MURA, ANDREA GARZELLI, ROCCO RESTAINO, 
GIUSEPPE SCARPA, MAGNUS O. ULFARSSON, LUCIANO ALPARONE, AND  
JOCELYN CHANUSSOT

Authorized licensed use limited to: Universita degli Studi di Salerno. Downloaded on November 04,2020 at 16:44:27 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

MONTH 2020    IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE                                                        3 

BACKGROUND AND RELATED WORKS
The central role played by pansharpening methods within 
remotely sensed image fusion techniques is testified to by 
a comprehensive book on the subject [11] as well as review 
articles as [12]. Actually, specifically devoted surveys have 
populate the literature in recent years [13]–[17], corroborat-
ing the growing interest in this topic.

Several taxonomies have been applied to pansharpen-
ing algorithms. For each case, relationships among the 
different classes can be found. In this article, we adopt 
a broad classification that is pointed to practical use. In 
particular, we defined four main classes characterized by 
well-distinguished properties that are crucial in the se-
lection of the most appropriate algorithm for the specific 
application.

The first two classes (CS and MRA) make up the group 
of classical approaches, which was deeply analyzed in a 
previous study [14]. However, as will be widely illustrated 
in the following, significant improvements have been ob-
tained in recent years, motivating the introduction of a 
large number of novel methods in this article. Indeed, since 
the recent developments preserve the key characteristic of 
high computational efficiency, classical algorithms are still 
of fundamental importance.

Instead, the two remaining classes (VO and ML) rep-
resent the main emerging lines of research in the last few 
years [18], [19]. Their unequivocal objective is to achieve 
the uncompromised quality of the fused product, which of-
ten induces a higher level of complexity and a consequent 
increase of computational effort.

We start with a brief description of the four classes and 
go on to describe the specific methods selected for imple-
mentation and assessment. Finally, we review the literature 
related to the debated problem of the quantitative assess-
ment of fused products.

COMPONENT SUBSTITUTION 
The CS approaches are also referred to as spectral methods. 
They are based on the projection of the original MS image in 
a transformed domain. The objective is to ease the replace-
ment, either partial or total, of the spatial information with 
that of the PAN image. Thanks to their simple implemen-
tation, many pioneering pansharpening algorithms belong 
to the CS class. For example, those exploiting intensity-hue-
saturation (IHS) [20], [21] and principal component analy-
sis (PCA) [22], [23] date back to the early 1990s. However, 
the appealing visual features of the final products and the 
robustness against spatial misalignments have favored the 
development of several other algorithms belonging to this 
class. Other methods, for example, the Gram-Schmidt (GS) 
expansion [24], the matting model [25], nonlinear IHS [26], 
and nonlinear PCA [27], have been exploited for deriving 
more specific image representations with an easily identifi-
able spatial component.

Considering the different image transforms, a pleth-
ora of combination algorithms have been proposed for 

introducing PAN spatial information into the original MS 
data. The main contribution of the recent literature has 
been the improvement of the injection rules to the extent 
that the new methods can be considered second-genera-
tion techniques. The focus of these studies has centered 
on accurately modeling the relationship between the pixel 
values of the PAN image and those of the MS channels. 
An iterative fitting algorithm was proposed in [28], but 
the most used methods rely on statistical modeling. This 
methodology was implemented, in different forms, by 
the partial replacement adaptive CS (PRACS) [29] and the 
adaptive GS (GSA) [30]. A more comprehensive study can 
be found in [31].

Another fruitful line of research has originated in the 
local application of CS algorithms. This principle has been 
used by completing the fusion task pixel by pixel, using a 
rectangular sliding window for calculating the involved 
quantities [30], or by performing the pansharpening pro-
cess by preliminarily identified image segments [32].

Noticeably, the detail extraction and injection phases 
are not always considered in a separate way. For example, 
the band-dependent spatial detail (BDSD) method is based 
on the contemporary estimation of the weights for con-
structing a low-pass version of the PAN image from the MS 
channels and of the injection coefficients [33]. Also, in this 
case, significant improvements have been obtained by par-
titioning the image through a segmentation algorithm [34] 
and deeply analyzing the statistical relationship among the 
available images [35].

MULTIRESOLUTION ANALYSIS
The class of MRA methods is composed of approaches that 
utilize a multiscale decomposition. In most instances, the 
MRA is directly applied to the signals in the original spa-
tial domain, and, thus, another name is the class of spa-
tial methods. Also, in this case, it is possible to trace these 
methods back to fusion approaches based on general-pur-
pose decompositions, performed by means of a simple low-
pass filter, or by more complex iterative approaches, such 
as Laplacian pyramids [36], wavelets [37]–[39], curvelets 
[40], and contourlets [41]. These techniques were applied to 
the pansharpening problem more than ten years ago [21], 
[42]–[46].

However, due to the appreciable spectral quality of 
the fused images achievable through MRA approaches, 
much effort has been devoted in subsequent years to the 
design of more specific techniques. A crucial step that can 
be used to define the beginning of the second-generation 
era is represented by the introduction of information re-
garding the acquisition sensor into the decomposition 
schemes [47], [48]. Adaptive techniques dealing with the 
accuracy of knowledge about the sensor model and with 
the specificity of the considered images were suggested in 
[49]–[53].

Recent improvements focus on the utilization of differ-
ent decomposition schemes and the optimization of the 
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injection coefficients. Indeed, leveraging on the success in 
other image processing areas, nonlinear approaches have 
also been applied to pansharpening; examples include 
least-squares support vector machine [54] and morphologi-
cal filters (MF) [55]. Furthermore, significantly improved 
injection procedures have been designed by means of a 
more thorough analysis of the relationship between the 
available images [31], [56], [57] and the effects of the atmo-
sphere on the collected signal [56], [58]–[60].

The MRA class does not complete the set of classical 
methods, since an important group is made up of hybrid 
approaches that combine the CS and MRA approaches. 
Although some examples of MRA+CS (MRA followed 
by CS) methods exist [31], the most important hybrid 
techniques adopt the CS+MRA (CS followed by MRA) 
scheme; namely, they consist of applying an MRA de-
composition in a transformed domain [56], [61], [62]. 
Accordingly, they can be recast into the MRA class [48]. 
The classical additive wavelet luminance proportional 
(AWLP) [61], recently improved in [56] by considering 
the characteristics of the acquisition device and the op-
tical radiation transfer process, is the most widespread 
example. Using independent component analysis in con-
junction with curvelets [63] and using PCA in combina-
tion with contourlets [46] or guided filters [64] are other 
noticeable instances.

VARIATIONAL OPTIMIZATION-BASED TECHNIQUES  
VO techniques are pansharpening methods that rely on 
the solution of an optimization problem. They have gained 
popularity in recent years thanks to advances in convex op-
timization and inverse problems in imaging, such as super-
resolution, blind deconvolution, and image restoration. All 
techniques in this family rely on a model that, for example, 
can describe the process of acquisition done by a sensor or 
the representation of an image. Such models lead to the 
definition of an objective function that will be treated in 
general by a variational optimization approach for finding 
a suitable solution. More specifically, in several VO tech-
niques, the relationship between the observed PAN image, 
the low-resolution MS (LRMS) images, and the high-reso-
lution MS (HRMS) image is established according to a sen-
sor model. The problem to be solved, then, is to estimate 
the HRMS images from the PAN and LRMS images. In this 
framework, the pansharpening problem is ill-conditioned, 
which means that a direct inversion will cause noise am-
plification. To mitigate the ill conditioning, some kinds of 
regularization are necessary. The estimation problem in a 
variational setting involves a cost function that generally 
consists of two terms, i.e., the fidelity term that describes 
the relationship between the HRMS images and the ob-
served images and a regularization term that incorporates 
some prior beliefs about the HRMS images into the optimi-
zation process. The HRMS images are the solution to this 
optimization problem. The methods described in the fol-
lowing assume that the LRMS images and the PAN image 

are properly registered, which is a typical assumption for 
other approaches as well. We note, however, that pansharp-
ening methods dealing with misregistered data have been 
proposed [65].

The seminal VO pansharpening article is [66], which 
proposed the so-called P + XS method based on three as-
sumptions: A1) the LRMS images are assumed to be a low-
pass filtered and subsampled version of the desired HRMS 
images, A2) the PAN image is assumed to be a linear com-
bination of the channels of the HRMS images, and A3) 
the geometric information of an image is contained in its 
level sets. To enforce A3, they introduced a regularization 
term based on the total variation (TV) penalty incorporat-
ing geometric details of the PAN image. The A1 and A2 as-
sumptions were incorporated into the fidelity terms. The 
authors of [67] assumed A1 and A2 but employed a TV reg-
ularizer, separately, on each band of the HRMS images. In 
[68], information about the PAN image was incorporated 
into the TV regularizer. Furthermore, a low-rank structure 
was assumed in the spectral domain. The authors of [69] 
relaxed A2 by imposing it only for high-frequency compo-
nents and used a roughness that includes both the HRMS 
images and the PAN image. The authors of [70] and [71] 
share a regularizer with the P + XS method but propose dif-
ferent fidelity terms. The authors of [72] did not directly as-
sume A2 but indirectly modeled the relationship between 
the PAN and the HRMS images by considering a spectral 
low-rank relationship between them, using an l2  roughness 
penalty to regularize the solution. In [50], an algorithm is 
proposed to directly estimate the spatial relationship be-
tween the PAN and the MS images. Other notable articles 
include [73]–[76].

Bayesian methods also fall into the VO category. The 
authors of [77] assumed a joint Gaussian model for the 
unknown MS image and the PAN method; [78] extended 
this idea by incorporating wavelet transformation into the 
formulation; [79] further extended this model using PCA to 
enforce a low-rank spectral structure. Other notable Bayes-
ian articles include [76] and [80].

Another class of methods belonging to the VO family 
relies on sparse representations [81]. The idea is to repre-
sent the unknown HRMS image as a sparse linear combi-
nation of dictionary elements (here, image patches). The 
main challenge is the generation of the dictionary, with 
contributions ranging from using available PAN and LRMS 
images [82] to using the data at hand [83]–[87] to create 
the dictionary. In [88], sparse representation was used to 
reconstruct only the high-resolution details to be injected 
into LRMS.

Most of the VO methods described previously depend 
on one or more regularization parameters. These param-
eters need to be selected by the user. This critical problem 
is mostly unexplored in the pansharpening literature, and 
most articles report what settings were used in the experi-
ments. However, some articles provide guidelines, e.g., 
[72], [86].
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MACHINE LEARNING
ML has has moved its early steps toward pansharpening in 
the last decade. Pioneering works in this category include 
compressive sensing or dictionary-based solutions, such as 
[81], [83]–[86], [88]. Needless to say, the deep learning (DL) 
wave has even flooded over into the remote sensing field 
[19], including pansharpening [89]–[100] and intimately 
related tasks, such as superresolution [101]–[103] or HS/MS 
data fusion [104], [105]. The first attempt by Huang et al. 
in 2015 relies on a modified sparse denoising autoencoder 
scheme [89]. In 2016, Zhong et al. [90] instead proposed a 
CS approach based on the GS transform integrated with an 
off-the-shelf superresolution convolutional neural network 
(CNN) [106] to upsample the MS component. In parallel, 
in 2016, Masi et al.[91] designed and trained the first fully 
convolutional network specifically conceived for pansharp-
ening, the pansharpening neural network (PNN), achiev-
ing state-of-the-art results. Motivated by the encouraging 
results of the PNN, many researchers have moved on to this 
line of inquiry. In particular, the use of CNNs with residual 
learning modules [107] will soon become a standard op-
tion for pansharpening, as testified to by many subsequent 
works [92]–[100]. In contrast to the relatively simple archi-
tecture of the PNN and its advanced version, advanced PNN 
(A-PNN) [95], other works explore more complex models in 
terms of depth [92], [94], [99] and/or topology [97], [98]. 
Different training strategies have also been investigated by 
means of different target loss functions, such as the mean 
squared error (MSE) [91], 92, [96]–[98], the mean absolute 
error [95], [99] or the erreur relative globale adimensionnelle de 
synthése (ERGAS) [100], also using adaptive tuning schemes 
(A-PNN) or resorting to the generative adversarial learning 
paradigm [99].

A common trait of these ML approaches is the assump-
tion of a training paradigm relying on a resolution down-
grade process (e.g., Wald’s protocol) to provide labeled data 
for supervised training. By doing so, due to the scale sen-
sitivity of the pansharpening problem, spatial consistency 
was soon recognized as a primary issue for ML methods. In 
fact, the latest ML solutions seek to address such a problem 
using different training paradigms, in particular, by means 
of multiobjective strategies. In [108] a joint reduced-/full-
scale loss is proposed to enforce spatial fidelity thanks to 
the introduction of an additional loss term computed at the 
target scale. Another interesting example is the Pan-GAN 
model [109], which relies on spectral–spatial multiobjec-
tive adversarial training using two dedicated discrimina-
tors. It is also worth mentioning other HS/MS fusion ap-
proaches, staightforwardly extendable to pansharpening, 
that include unsupervised training schemes to avoid the 
resolution downgrade of the data to be used for training  
[104], [105]. 

ASSESSMENT
Quality assessment of MS pansharpening has been the ob-
ject of extensive research activities. Since the target of image 

fusion is unavailable, several protocols of quality evalua-
tion have been developed to overcome the lack of a refer-
ence image.

A widely adopted protocol was first proposed in [110] 
and further discussed in [111] and [112]. Such a protocol 
relies on two properties that the fused data have to satisfy, 
referred to as consistency and synthesis, which are reviewed  
in the “Quality Assessment of Fusion Products” section,  
together with the indexes that can be adopted for the quan-
titative assessment of such properties. It should be noted 
that the consistency property can be checked by comparing 
the original MS image to a degraded version of the pan-
sharpened image obtained through modulation transfer 
function (MTF) decimation filters tuned to the MS sen-
sor. This property, which represents a necessary condition 
to be satisfied by any pansharpening algorithm, has been 
recently considered sufficient to assess the fusion quality 
[113]. Conversely, the synthesis property cannot be directly 
verified, since it would require the target image, which is 
not available. Therefore, synthesis is checked at degraded 
spatial scales according to reduced resolution (RR) assess-
ment. The original MS image acts as the reference image 
to be compared to the fusion product obtained from spa-
tially degraded MS and PAN images. This assessment is ac-
curate, thanks to the presence of a reference MS image, but 
its main assumption of quality invariance across scales is 
rarely satisfied. Furthermore, the way the original MS and 
PAN images are degraded can significantly bias the quality 
assessment.

As an alternative to RR quality assessment, the problem 
of measuring the quality of fusion can be approached at 
the full spatial scale without any spatial degradation, i.e., at 
full resolution (FR). The spectral and spatial distortions are 
separately evaluated from the original LRMS bands and the 
high-resolution PAN image, as originally proposed in [114]. 
The spectral distortion is calculated for each band as the 
average absolute difference between the fused band and the 
corresponding interpolated original band, while the spatial 
quality is measured by the correlation coefficient between 
the spatial details of each of the fused MS bands and those 
of the PAN image.

A widely adopted FR assessment is based on the 
quality with no reference (QNR) index [115], which 
combines into a unique overall quality index a spec-
tral distortion measure between the original and pan-
sharpened MS bands and a spatial distortion measure 
between each MS band and PAN at FR and RR. Another 
FR protocol, proposed in [116], borrows the spectral 
consistency property from [110] and the spatial qual-
ity from the matching of high-pass spatial details as in 
[114]. Recently, the hybrid QNR (HQNR) was presented 
in [117] as the combination of the spectral distortion in-
dex proposed in [116] with the spatial distortion index 
of the original QNR [115]. Moreover, an overall qual-
ity metric, exploiting the spectral distortion index as in 
[115] and a spatial distortion index based on the natural 
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image quality evaluator model, was proposed in [118], 
and a perceptual quality index for pansharpening was 
described in [119].

A new FR quality assessment protocol, proposed in 
[120], is based on the polynomial fitting of multiscale 
RR quality indexes. A similar approach, recast as a mul-
tiscale sequential Bayesian problem, was presented in 
[121], showing robustness and consistency with qualita-
tive analysis at FR. Finally, an efficient approach based on 
the combination of both the RR assessment by exploiting 
Wald’s protocol and indexes without reference was pro-
posed in [122].

CONTRIBUTION
Following the successful attempt developed by some 
of the authors about five years ago in [14], with this 
article, we move in the same direction, performing a 
critical new comparison. Similar works can be found in 
the related literature [6], [12], [14], [17]. In particular, 
[17] presents a review of the CS, MRA, and VO meth-
ods, introducing the idea of meta-analysis for perfor-
mance assessment. This work does not include a criti-
cal comparison, and the review of ML approaches is 
not provided. Instead, [12] introduces a bird’s-eye view 
of many important contributions specifically dedi-
cated to the topics of pansharpening and resolution 
enhancement, point cloud data fusion, HS and lidar 
data fusion, multitemporal data fusion, and big data 
and social media. This article offers  quite broad review 
of multisource and multitemporal data fusion that is 
far from the goal of our article. In [6], a review and a 
critical comparison are performed but for the problem 
of HS pansharpening, including methods in the CS, 
MRA, and VO classes. Finally, this article differs from 
[14], showing a wider comparison involving many re-
cent advances in MS pansharpening. In particular, new 
developments concerning CS and MRA are included 
together with methods belonging to the so-called third 
generation of pansharpening, i.e., VO and ML. Indeed, 
for the first time, all of these heterogeneous methods 
are compared in a common framework, fairly assessing 
both their quantitative and qualitative performance 

and the computational burden. The performance as-
sessment is done exploiting both the RR and the FR 
protocols. An updated version of the QNR index [115], 
the so-called HQNR [117], is used in this article to as-
sess the performance at FR. HQNR differs from QNR 
in that it uses a different spectral distortion index, bor-
rowed from Khan’s protocol [116]. Finally, to ease the 
benchmarking and support reproducible research, the 
implementations of the methods and the framework 
devoted to the performance assessment have been col-
lected in a MATLAB toolbox that is made available to 
the community.

NOTATION AND ORGANIZATION
Table 1 reports a list of the main symbols together with a 
brief description. The other symbols are defined within 
the article as needed. The notation used in the remainder 
of the article is detailed in the following. Vectors are indi-
cated in boldface lowercase (e.g., )x  with the ith element 
indicated as .xi  2D and 3D arrays are expressed in bold-
face uppercase (e.g., ) .X  An MS image { }X X , ,k k N1= f=  
is a 3D array composed of N  bands indexed by the sub-
script , , ;k N1 f=  accordingly, Xk  indicates the k th band 
of .X  The PAN image is a 2D matrix and will be indicated 
as .P  

REVIEW OF PANSHARPENING METHODS
This section presents methods belonging to the proposed 
benchmark. The four classes of pansharpening approaches 
(CS, MRA, VO, and ML) are briefly described together with 
several instances belonging to each class.

COMPONENT SUBSTITUTION
The methods belonging to the CS class rely upon the 
projection of the MS image into a new space, where the 
spatial structure is well separated from the spectral in-
formation [112]. Afterwards, the transformed MS image 
can be sharpened by replacing the component contain-
ing the spatial structure with the PAN image. Finally, the 
sharpening of the MS image is completed by the inverse 
transformation applied to the data, bringing them back 
to the original space. The substitution step usually intro-
duces spectral distortion because of (possible) changes in 
the low spatial frequencies of the MS image. To alleviate 
this issue, spectral matching procedures are often applied 
before substituting the spatial structure of the MS image 
with the PAN image [14]. It is worth noting that CS-based 
methods get high fidelity in rendering details in fused 
products [30]. Furthermore, these methods are usually 
easy to implement and have a low computational burden, 
which enables them to be used when a huge amount of 
data must be fused [14].

Under the hypotheses of linear transformation and 
the substitution of a sole component, the CS fusion pro-
cess can be strongly simplified without the explicit cal-
culation of forward and backward transformations [123]. 

TABLE 1. A LIST OF THE MAIN SYMBOLS USED IN THIS 
ARTICLE. 

SYMBOL DESCRIPTION 

MS MS image 

MSR MS image interpolated at PAN scale 

P PAN image 

MS\ Pansharpened image 

R Spatial resolution ratio between MS and PAN

N Number of MS bands 
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This leads to a faster implementation that can be gen-
erally described, for each , , ,k N1 f=  by the following 
equation:

 ·MS MS G P Ik k k L= + - ,^ hR\  (1)

in which the subscript k  indicates the k th spectral band; 
, , , ,G G Gk N1 f f  are the injection gain matrices, typically 

stacked in a multidimensional array, ;G  and the matrix 
multiplication is meant pointwise. Finally, IL  is the so-
called intensity component, defined as

 ,wI MSL
i

N
i i

1
/=
=

R  (2)

in which the weight vector [ , , , , ]w w ww i N1 f f=  is the first 
row of the forward transformation matrix [112], [124].

Figure 1 presents a flowchart describing the gen-
eral fusion process for CS-based approaches. The figure 
points out blocks related to the interpolation, the cal-
culation of the intensity component by (2), the spec-
tral matching between P  and ,IL  and details injected in 
agreement with (1).

BROVEY TRANSFORM WITH HAZE CORRECTION
Setting the injection gains for each , ,k N1 f=  in (1) as

 ,G I
MS

k
L

k=
R

 (3)

where the division is intended pixel-wise, we have

 ·( ) · .MS MS I
MS P I MS I

P
k k

L

k
L k

L
= + - =R R R\  (4)

This pansharpening approach is the widely known Brovey 
transform (BT) [125]. Thus, BT fits the general model 
(1), with injection gains as in (3) representing a sharpen-
ing method based on a multiplicative injection scheme, 
as shown in (4). IL  can be calculated in several ways. An 
optimized version relies upon the calculation of IL  by a 
weighted average of the MS bands, with weights obtained 
by minimizing the MSE with respect to a low-pass-filtered 
version of the PAN image [31].

An interpretation of the multiplicative injection mod-
el in (4) in terms of the radiative transfer model leads to 
the consideration of the path radiance of each MS band, 
which is undesired energy scattered from the atmosphere 
[126]. The path radiance, which appears as a haze in a 
true-color display, should be estimated and subtracted 
from each band before modulation and reinserted later 
to restore the unbiased sharpened image. Thus, a haze-
corrected version of the BT in (4), called BT-H, has re-
cently been proposed [59]. Equation (4) is modified as 
follows:

 
,

H
H

H
H H H

·

·

MS MS I
MS P I

I
MS P

k k
L p

k k
L

L p

k k
p k

= + -
-

-

= -
-

- +^

^

h

hR
R

R\
 (5)

where Hk  denotes the constant haze for the k th MS band 
and Hp  is the haze both of the intensity component and 
of PAN [59]. For further details about this approach and 
the estimation of the haze values, interested readers can 
refer to the original article [59] and the related literature 
[56], [60].

GRAM-SCHMIDT
The GS orthogonalization procedure has been used 
for pansharpening [24], taking the name GS spectral 
sharpening. This procedure exploits the intensity com-
ponent, IL , as the first vector of the new orthogonal 
basis. The orthogonalization processes one MS vector 
at a time, finding its projection on the (hyper)plane 
defined by the previously found orthogonal vectors 
and its orthogonal component such that the sum of 
the orthogonal and projection components is equal to 
the zero-mean version of the original vectorized band. 
Pansharpening is completed by substituting IL  with the 
histogram-matched P  before performing the inverse 
transformation.

The procedure can be recast into the flowchart in 
Figure 1. Thus, the fusion process is described by (1) with 
the following injection gains for , ,k N1 f=  [30]:

 ( )
( , )

,
cov

g 1 1varG I
MS I

k k
L

k L
= =

R
 (6)

in which 1 is an all-one matrix; ,cov X Y^ h indicates the co-
variance between two images, X  and ;Y  and var X^ h is the 
variance of X .
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FIGURE 1. A flowchart of pansharpening methods belonging to the 
CS class. 
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Several versions of GS are achieved by changing the 
way to generate IL : by averaging the MS components 
(i.e., /w N1i = , for all , , )i N1 f=  in the original GS [24]; 
by a weighted average of the MS bands minimizing the 
MSE with respect to a low-pass-filtered version of a PAN 
image in the GSA [30] and by applying GSA separately 
to each cluster obtained through k -means clustering ap-
plied to the MS image in the context-adaptive GSA (C-
GSA) [32].

BAND-DEPENDENT SPATIAL-DETAIL-BASED 
APPROACHES
The BDSD-based approaches [33] start from an extended 
version of the generic formulation (1) for all , ,k N1 f= . 
Thus, we have

 .g wMS MS P MS,k k k k i
i

N

i
1

= + -
=

d nR R\ /  (7)

The optimal minimum MSE joint estimation of the 
weights, w ,k i , and scalar gains, gk , in (7) would encompass 
the use of the unknown target image, .MSkR  Thus, the prob-
lem is solved at RR by exploiting the original MS image as 
a reference image [33]. A context-adaptive BDSD (C-BDSD) 
has also been proposed in [34]. A physically constrained 
optimization (BDSD-PC), improving the quality of the fu-
sion product, particularly for eight-band MS data sets, has 
been recently proposed in [52].

PARTIAL REPLACEMENT ADAPTIVE COMPONENT 
SUBSTITUTION
The concept of partial replacement of the intensity compo-
nent is introduced in [29]. The PAN image is not directly 
used for CS. Instead, the algorithm uses a weighted sum of 
the PAN and the k th MS band to calculate the k th sharp-
ened band in (1). For this reason, this method is referred to 
as PRACS.

MRA
MRA methods extract the PAN details exploiting the dif-
ference between P  and its low-pass spatial version, .PL  
Namely, the fused image is obtained for each , ,k N1 f=  
as follows:

 · .MS MS G P Pk k k L= + -^ hR\  (8)

The different approaches belonging to this class are char-
acterized by the way to calculate PL  and by the employed 
injection gains .G , ,k k N1 f=" ,  In a very general setting, PL  
is achieved through an iterative decomposition scheme 
(called MRA) that aims at constructing a sequence of 2D 
signals with progressively reduced information through the 
repeated application of some analysis operators.

The general fusion scheme for MRA approaches is dis-
played in Figure 2. We can note blocks devoted to the 
interpolation of the MS image to reach the PAN scale; the 
calculation of the low-pass version PL  of the PAN image 
depending on the resolution ratio, R ; the computation of 
the band dependent injection gains, ;G , ,k k N1 f=" ,  and the 
fusion according to (8). It is worth noting that there is a 
difference if PL  is decimated-interpolated (dashed box) 
or not. The first solution is usually much more appreci-
ated due to the possibility of compensating for the alias-
ing of the MS image through the fusion process [127]. 
Finally, MRA-based fused products reduce the spectral 
distortion but often compromise the spatial rendering. 
They are also robust to temporal misalignments, which 
is a valuable feature when multiplatform fusion is con-
sidered [128].

ADDITIVE WAVELET LUMINANCE PROPORTIONAL
The undecimated “à trous” method [44] has recently 
emerged as a very effective one for extracting PAN de-
tails [129]. Indeed, even if nonorthogonality could com-
promise the spectral quality of fused products [129], its 
beneficial characteristics, such as the shift-invariance 
property [130] and the capability of being easily matched 
to the sensor MTF [47], produce accurate pansharpened 
images. The AWLP, originally proposed by [61], exploits 
the “à trous” wavelet for details of extraction from the 
PAN image using the fusion rule in (8) and injection coef-
ficients estimated as

 .
N
1G

MS
MS

k

i

N
i

k

1
/

=

=

R
R  (9)
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FIGURE 2. A flowchart of pansharpening methods belonging to the 
MRA class. Some MRA approaches skip the dashed box. 
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To get high performance, a preliminary histogram-match-
ing procedure is also required [31].

GENERALIZED LAPLACIAN PYRAMID
PL  at the original MS resolution can be performed with 
multiple fractional steps. This method is commonly re-
ferred to as pyramidal decomposition and dates back to the 
seminal work of Burt and Adelson [36], which utilized 
Gaussian low-pass filters to carry out the analysis steps. The 
corresponding differential representation, achieved by cal-
culating the differences between the Gaussian pyramid lev-
els, is named the Laplacian pyramid and later was proved to 
be very valuable for pansharpening purposes [43]. In [48], 
the authors showed that a single Gaussian low-pass filter 
with a cut frequency equal to /R1  (where R is the resolution 
ratio between PAN and MS) and decimating by R is enough 
to get high performance. Gaussian filters can be tuned to 
closely match the MS sensor’s MTF. This allows extracting 
from the PAN image those details that are not seen by the 
MS sensor [47]. Since the Gaussian mask is defined by a 
single parameter (i.e., its standard deviation), its frequency 
response is fully specified by fixing that parameter. To this 
aim, the value of the amplitude response at the Nyquist fre-
quency is used, since it is commonly provided by the manu-
facturer.

In the literature, many instances of generalized Lapla-
cian pyramid (GLP) approaches, relying upon filters that 
exploit the MS sensor’s MTF, have been proposed by chang-
ing the way to estimate the injection coefficients. High per-
formance is usually expected by these methods, motivating 
their inclusion into the proposed benchmark. Their brief 
description is provided in the following:

 ◗ The classical MTF-GLP is based on MTF Gaussian filters 
for detail extraction and an additive injection model, i.e., 

1Gk=  for each , ,k N1 f= . To get high performance, a 
histogram matching procedure between PL  and each MS 
band is required, as proposed in [31].

 ◗ MTF-GLP-HPM, where HPM stands for high-pass mod-
ulation, adopts the injection model exploited in the BT 
(3) by substituting PL  with IL , i.e.,

 ,G P
MS

k
L

k=
R

 (10)

 where the division is intended as pixel-wise. Even in 
this case, a preliminary histogram matching is required 
[31]. Improved versions are 1) MTF-GLP-HPM-R [131], 
adopting a spectral matching procedure based on the 
multivariate linear regression between each MS band 
and a low-pass version of the PAN image; and 2) MTF-
GLP-HPM-H [59], a haze-corrected version like the one 
in BT-H (see the “Brovey Transform With Haze Correc-
tion” section), whose fusion rule is modified as follows:

 .H
H ·MS MS P

MS P Pk k
L p

k k
L= + -

-
-^ hR R\  (11)

 ◗ MTF-GLP-CBD (i.e., MTF-GLP with a context-based 

decision) adopts a projective, or regression-based, in-
jection model [47], [132] in conjunction with the MTF-
GLP framework. The injection coefficients are estimated 
through multivariate linear regression on MSkR  and PL ,

 ( )
( , )

,
cov

g 1 1varG P
MS P

k k
L

k L
= =

R
 (12)

 in a way similar to that for the GS-based approaches (see 
the “Gram-Schmidt” section) but considering PL  instead 
of IL . A local version based on the use of a k-means clus-
tering to segment the MS image in spectrally coherent 
parts is also proposed in the literature and here named 
context-adaptive MTF-GLP-CBD (C-MTF-GLP-CBD) 
[32].

 ◗ MTF-GLP-FS presents a new fusion rule at full scale (FS) 
considering a projective injection scheme that removes 
the hypothesis of invariance among scales [133]. Its as-
ymptotic solution leads to

 ( , )
( , )

.cov
cov

g 1 1G P P
MS P

k k
L

k
= =

R
 (13)

MORPHOLOGICAL FILTERS
A nonlinear decomposition scheme has recently been in-
vestigated in the MS pansharpening literature [55]. The 
nonlinear MRA scheme was implemented with a morpho-
logical pyramid based on morphological half gradients. 
The approach can be recast into the general MRA fusion 
scheme (8) using an HPM injection model [see (10)]. Due to 
the use of MF for the detail extraction phase, this method, 
proposed in [55] and introduced in our benchmark, will be 
called MF.

VARIATIONAL OPTIMIZATION-BASED TECHNIQUES
In this section, we present some examples of techniques 
that belong to the VO category, as they rely on an acquisi-
tion or representation model leading to a variational opti-
mization problem.

FILTER ESTIMATION
The article [50] presents a variational approach for esti-
mating a spatial degradation filter that links the full- and 
reduced-scale spatial resolution acquisitions. This spatial 
filter is often associated with the MTF of the MS sensor, 
whose value at the Nyquist frequency is often available. 
However, if this information is not available or not precise, 
the filter h  should be estimated. This can be done as in [50] 
by relying on the model where a low-resolution PAN can be 
approximated to a linear combination of the MS bands. The 
corresponding variational problem can be cast as

 ,( )argmin P h Yw hh RC
T 2

h,w
m= - +t # -  (14)

where Y  is the MS image interpolated to the PAN scale, i.e., 
with r  pixels, represented in matrix format ;Y P hR C

r N! #^ h   
represents the linear convolution in matrix form between the 
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PAN image p (lexicographically ordered) and the blur ma-
trix h; w is the row vector of the weights to project MS into 
the PAN domain; and ·T  indicates the transpose operator. 
The degradation filter h is represented by block matrix h, 
and ( ),hR  defined in [50], is a regularization term on h, 
weighted by the coefficient m. Once the degradation filter 
has been estimated, it can be used in conventional MRA ap-
proaches.

SPARSE REPRESENTATION OF INJECTED DETAILS
The pansharpening technique presented in [88] is an exam-
ple of methods based on sparse representation. In [88], the 
authors propose to generate the spatial details, which will 
be injected by a conventional MRA scheme (8), using a dic-
tionary of patches. Specifically, the dictionary Dh  at FS is 
composed of patches representing high-spatial-resolution 
details. As is common in dictionary-based pansharpening 
approaches, the coefficients a  of the linear combination 
are estimated by solving a variational problem (i.e., a sparse 
regression here) at the native spatial resolution of the MS 
image. Working at RR allows considering a reference im-
age in the coefficient estimation. Thus, scale invariance is a 
strong hypothesis for such methods. The variational prob-
lem to solve is in the form

  ,argmin such that y Dl
0a a a= =t  (15)

with y being a patch and Dl  a dictionary of details at a reduced 
scale. The sparsity penalty induced by the 0,  pseudonorm on 
the coefficients enforces a parsimonious representation of the 
details from a few patches. The estimated coefficients will be 
used for the representation of the FS details (i.e., ) .y Dh ha=  
This paradigm effectively exploits the self-similarity of im-
ages and their parsimonious representations, which are par-
ticularly valid for an image of spatial details.

TOTAL VARIATION PANSHARPENING
The cost function for the TV pansharpening method in [67] is 
given by the following TV-regularized least squares problem:

 ( ) ( ),J x y Mx TV x2
m= - +  (16)

where [ , ], ,y y y yT T
MS PAN MS=  and yPAN  are the MS in matrix 

format and the PAN in vector, [ , ],M M M MT T
1 2 1=  is a deci-

mation matrix, M2  reflects that the PAN image is assumed 
to be a linear combination of the MS bands, m is a weight, 
and ( )TV $  is an isotropic TV regularizer. The pansharpened 
image x is found by minimizing the convex cost function 
(16). However, the minimum does not have a closed form 
solution. Fortunately, it can efficiently be found by using the 
majorization–minimization algorithm detailed in [67].

PRINCIPAL COMPONENT ANALYSIS/WAVELET MODEL-
BASED FUSION
The PCA/wavelet model-based fusion (PWMBF) method 
[79] assumes the following model:

 ,Y WZ N= +  (17)

where Y contains the vectorized observed MS bands in its 
columns, W is a degradation (blurring and decimation) op-
erator, Z is the vectorized pansharpened MS bands in its 
columns, and N is noise. It is assumed that Z and the PAN 
image are jointly Gaussian. The main assumption behind 
this method is that Y and Z share PC so that the model can 
be rewritten as

 ,B WG N= +  (18)

where B contains the PC scores corresponding to Y and G is 
an r × q matrix corresponding to Z, with r  being the num-
ber of pixels of the PAN image and q  the number of PCs 
used in the model. The pansharpening is based on solving 
the maximum a posteriori problem

  ( | , ),argmax pg g b yPAN=t  (19)

where g and b represent the wavelet-transformed and 
wavelet-vectorized matrices G and B. By making certain 
assumptions, such as the spatial independence of wavelet 
coefficients, an efficient algorithm can be derived. This al-
gorithm is detailed in [79].

REDUCED-RANK-BASED PANSHARPENING
The main idea behind reduced-rank pansharpening is to 
exploit the spectral correlations between the MS and PAN 
images. This is done by defining a matrix, X, that has the 
PAN image in its first column and the pansharpened MS 
images in column 2 to N 1+ . We then assume that it has a 
low-rank representation,

 [ ] ,X x GFi i
N T

1
1= ==
+  (20)

where [ ] , [ ]fG g Fj j
l

i
T

i
l

1 1= == =  is an orthonormal matrix 
and l N 11 +  is the low rank. The individual bands can 
be retrieved from this low-rank representation as .fx Gi i=   
The pansharpening problem is then to minimize the fol-
lowing cost function:

 ( , ) ( ),J 2
1F G y M B Gf g

i

N

i i i i j
j

l

w j
1

1
2

1
m z= - +

=

+

=

/ /  (21)

where Bi  and Mi  are the blurring and decimation ma-
trix corresponding to band i, respectively; 0j 2m  are the 
weights; and ( )gw jz  is a weighted roughness penalty fur-
ther described in [134]. The cost function is minimized 
by using a cyclic descent algorithm that alternates be-
tween minimizing with respect to F and G. The optimi-
zation problem with respect to G is a convex problem 
and is solved efficiently by using conjugate gradient. 
The orthonormality-constrained optimization problem 
with respect to F is efficiently solved by using mani-
fold optimization [135], [136]. Further details are given  
in [72], [134].
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MACHINE LEARNING 
Nowadays, among ML approaches, CNN-based methods 
are the most promising ones. Therefore, we focus here on 
a family of solutions rooted in the pioneering work of Masi 
et al. [91], among the first to use CNNs for pansharpening. 
In particular, we present four models, two of which, here-
inafter referred to as PNN and PNN-IDX (where IDX stands 
for the use of some indexes as auxiliary inputs), were in-
troduced in [91], and the other two, advanced versions of 
PNN, here named A-PNN and A-PNN-FT (where FT stands 
for fine-tuning), were proposed more recently in [95].

The development of a DL method for pansharpening in-
volves at least the following steps:
1) training data set setup
2) network architecture design
3) definition of a proper loss function to guide the training
4) network training using a proper optimization method
5) network validation on a dedicated data set.

As a peculiar trait, all CNN-based methods for pansharp-
ening share a common key problem, which is related to the 
collection of data for training (step 1), i.e., a sufficiently “rich” 
set of input-output examples to learn the unknown network 
parameters (say, U). Ideally, pansharpened images are, in 
fact, unavailable and therefore must be synthesized using an 
ad hoc generation procedure. Figure 3  depicts the concep-
tual scheme of the training process proposed in [91]. The un-
derlying idea is a resolution shift, such that the MS compo-
nent plays the role of reference output rather than input. This 
is achieved by properly downgrading the resolution (dashed 
section) of both MS and PAN components of any training 
image with a resolution ratio of R. Then, an interpolation of 
the RR MS ( )MS.  back to its original size provides a properly 

sized component ( )MS.R  to be concatenated with the down-
graded PAN image ( )P.  prior to feeding the CNN. In practice, 
this process is repeated on one or more images reserved for 
training and combined with a cropping process. By doing so, 
we come to have thousands of input-output pairs in an RR 
domain. This allows organizing the training data in mini-
batches for efficient iterative optimization. In particular, at 
iteration n the pansharpening outcome MS.\  is compared to 
the corresponding reference (original MS) using a suitably 
defined loss function, ( , ) .L $ $  Taking the gradient of the 
loss, eventually the optimizer computes the updated CNN 
parameter set n 1U + . All models presented here make use of 
a stochastic gradient descent algorithm with momentum. 
The resolution downgrading process, carried out according 
to the sensor MTF, soon became a standard option for CNN-
based pansharpening methods after its introduction in [91], 
to which interested readers are referred for further details. 
Once the training process is completed, the network is ready 
to be used on test images, as summarized in Figure 4 for the 
two variants proposed in [91], PNN and PNN-IDX (including 
the dashed section and by properly training the CNN, also 
considering these new inputs).

Network architecture design (step 2) is probably the item 
that most characterizes the different proposals. In general 
terms, it amounts to a definition of a directed acyclic graph 
(DAG), which describes the input-output information flow, 
associating a specific task (such as convolution, point-wise 
nonlinearities [e.g., rectified linear unit (ReLU)], batch nor-
malization, concatenation, sum, and pooling) to each DAG 
vertex. Specific subgraph structures obtained by combining 
these elementary operations are also often employed (e.g., 
residual, dense, or inception modules). The PNN model 
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FIGURE 3. The training scheme for PNN. The dashed box encloses the resolution downgrading process (similar to Wald’s protocol). At each 
iteration, a different MS-PAN pair (or minibatch of pairs) is used to update the CNN parameters. C: concatenation. 
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[91] is a relatively simple one: a serial net composed of three 
convolutional units interleaved by ReLU activations. The 
main architectural hyperparameters of the PNN are gath-
ered in Table 2.

The PNN-IDX variant of PNN involves the use of aux-
iliary inputs derived from the MS bands. These are well-
established radiometric indexes such as the normalized 
difference vegetation/water indexes, considered for all 
data sets of the present work, or the normalized differ-
ence soil index and nonhomogeneous feature difference, 
which are used only for WV-3 images. Therefore, the 
main difference between PNN and PNN-IDX concerns 
the CNN input formation process, highlighted in Figure 
4 with a dashed box, which implies a larger number of 
input bands, as results from the model hyperparameters 
reported in Table 2. The use of these additional input 
bands was motivated by the experimental observation 
that many feature maps extracted by the first convolu-
tional layer of a PNN have shown a strong correlation 
with these radiometric indexes. The intuition was then 
confirmed experimentally with a superior performance 
of PNN-IDX over PNN.

From the architectural perspective, one of the most im-
portant innovations registered in recent years in the design 
of CNNs was the introduction of residual learning schemes 
[107], whose primary purpose was speeding up training. 
Residual learning was soon demonstrated to be a natural 
choice for resolution enhancement [137]. In fact, the de-
sired superresolved image can be viewed as composed of 
its low- and high-frequency components, the former being 
essentially the input low-resolution image and the latter be-
ing the missing (or residual) part to be actually restored. 
Residual schemes naturally address superresolution or 
pansharpening problems in light of this partition, avoid-
ing the unnecessary reconstruction of the whole desired 
output and reducing the risk of altering the low-frequency 
content of the image. As a matter of fact, most recent DL 
pansharpening models, including the advanced versions of 
PNN (A-PNN/-FT) [95], embed residual modules [92], [94], 
[95], [97], [99], [100], although they can be very different in 
terms of complexity. In addition to this, in [95], a different 
loss function, L1 -norm, was also used, proving to be more 
effective than the L2 -norm used in [91]. Finally, a target-
adaptive FT phase has also been introduced. Here, we will 
consider the two variants with or without FT, A-PNN-FT 
and A-PNN, respectively. The full version is summarized 
in Figure 5. Solid-line connections refer to the FT phase. 
The same scheme, but with input images fetched from the 
training data set, is used for the network pretraining, which 
is supposed to have been run prior to entering the FT. The 
network parameters of A-PNN will, therefore, represent the 
starting point for A-PNN-FT when the FT starts. The residu-
al learning configuration is easily recognizable by compar-
ing the training flowchart in Figure 5 (solid lines) with that 
of a PNN depicted in Figure 3. In fact, the only difference is 
the presence of a skip connection in the former that brings 
the upscaled MS component directly to the CNN output to 
be added to the network outcome (detail component). The 
CNN architecture actually remains the same (see hyperpa-
rameters of A-PNN/-FT versus PNN in Table 2), although 
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FIGURE 4. The top-level flowchart of the PNN and PNN-IDX (dashed box included) algorithms. NI is a stack of normalized indexes extracted 
from MS.

TABLE 2. THE CNN MODEL HYPERPARAMETERS. 

CONVO
LUTIONAL 
LAYER SENSOR MODEL 

SPATIAL  
SUPPORT 

INPUT  
BANDS

OUTPUT  
BANDS 

1 IK PNN, A-PNN/-FT 5 #  5 5 48 

PNN-IDX 5 #  5 7 48 

GE-1 PNN, A-PNN/-FT 9 #  9 5 48 

PNN-IDX 9 #  9 7 48 

WV-3 PNN, A-PNN/-FT 9 #  9 9 48 

PNN-IDX 9 #  9 13 48 

2 all all 5 #  5 48 32 

3 IK, GE-1 all 5 #  5 32 4 

WV-3 all 5 #  5 32 8 
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the trained parameters will eventually be different. Once 
the FT is concluded (see details in [95]), the network pa-
rameters are frozen (say, U3) and used to infer the pan-
sharpening of the FR target image (dashed lines) skipping 
the resolution downgrade.

QUALITY ASSESSMENT OF FUSION PRODUCTS
Quality assessment of pansharpening methods and data 
products has been extensively investigated in the past 
two decades. After a first generation of empirical methods 
matching subjective evaluation, an objective definition of 
quality and a related measurement protocol were intro-
duced [110].

According to this protocol, fusion products should satis-
fy two main properties: consistency and synthesis. Consis-
tency indicates that the pansharpened image, degraded at 
the original MS resolution, should be as similar as possible 
(spectrally) to the original MS image. Synthesis requires 
that the pansharpened image should be similar to the one 
acquired by a greater resolution MS sensor. Verifying the 
synthesis property is possible by performing fusion with 
both MS and PAN data sets degraded at spatial resolutions 
lower than those of the original ones.

While synthesis is extensively adopted by following an 
RR approach, checking consistency at FR is more critical, 

since the measured spectral and spatial qualities may fol-
low opposite trends, with the paradox that the least spec-
trally distorted fused image is that obtained when no spa-
tial enhancement is introduced.

REDUCED RESOLUTION ASSESSMENT
RR assessment measures the similarity of the fused 
product to an ideal reference, i.e., the original MS image. 
That is possible by degrading the resolutions of both the 
original MS and the original PAN and by performing fu-
sion from those degraded data. Clearly, the choice of the 
filter is crucial in this validation protocol. In general, 
the filter is defined to ensure the consistency property 
of the pansharpening process. Thus, it is straightforward 
that the resolution reduction of the MS image has to be 
done by exploiting spatial filters matching the MS sen-
sor’s MTFs [47]. In addition, the filter used to degrade 
the PAN image must be designed to preserve the details 
that would have been seen if the image were acquired at 
the RR. Accordingly, a common choice is the use of an 
ideal filter [47].

The more similar the obtained pansharpened image is 
to the original MS image, the higher the measured quality. 
Such a similarity degree can be easily computed through 
score indexes that compare two multiband images.

MS
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Resolution
Downgrade

Interpolation
to MS Scale

C

PAN
(Test)

Resolution
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Loss

Optimizer
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Skip

P

P↓ ↓MS

↓MS

MS
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CNN (Φn)
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FIGURE 5. The A-PNN-FT top-level workflow. Solid connections correspond to the iterative FT process. Upon convergence, the trained 
parameters U3  are used at the inference time (dashed connections) to provide the FR pansharpening.

Authorized licensed use limited to: Universita degli Studi di Salerno. Downloaded on November 04,2020 at 16:44:27 UTC from IEEE Xplore.  Restrictions apply. 



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

                                           IEEE GEOSCIENCE AND REMOTE SENSING MAGAZINE    MONTH 202014 

SPECTRAL ANGLE MAPPER
The spectral angle mapper (SAM) was originally introduced 
for discrimination of materials starting from their reflec-
tance spectra [138]. Given two spectral vectors, v  and ,vt  
both having N  components, in which [ , , , ]v v vv N1 2 f=  
is the reference spectral pixel vector and [ , , , ]v v vv N1 2 g=t t t t  
is the test spectral pixel vector, SAM denotes the absolute 
value of the spectral angle between the two vectors as

 ( )
·

.arccosSAM ,
,

v v
v v

v v

2 2

G H
=t

t

td n  (22)

SAM is usually expressed in degrees and is equal to zero 
if and only if the test vector is spectrally identical to the 
reference vector; i.e., the two vectors are parallel and may 
differ only by their moduli. A global spectral dissimilarity, 
or distortion, index is obtained by averaging (22) over the 
whole scene.

ERREUR RELATIVE GLOBALE ADIMENSIONNELLE DE 
SYNTHÉSE
The ERGAS index, whose French acronym stands for relative 
dimensionless global error in synthesis [139], is a normalized 
dissimilarity index that offers a global indication of the dis-
tortion toward the reference of a test multiband image:

 ( )
( )

,d
d

N n
n

100 1ERGAS
RMSE

l

h

n

N 2

1
n=

=

d n/  (23)

where /d dh l  is the ratio between the pixel sizes of PAN and 
MS, typically 1/4 for many sensors used for pansharpening; 

( )ln  is the mean (average) of the nth band of the reference; 
and N  is the number of bands. Low values of ERGAS indi-
cate high similarity between fused and reference MS data.

Q2n

Q2n  is the multiband extension of the universal image 
quality index (UIQI) [140] and was introduced for qual-
ity assessment of pansharpened MS images, first for four 
bands [141] and later extended to 2n  bands [142]. Each 
pixel of an image with N  spectral bands is accommodated 
into a hypercomplex (HC) number with one real part and 

 N 1–  imaginary parts.
Let ( , )m nz z=  and ( , )m nzz =t t  denote the HC repre-

sentation of the reference and test spectral vectors at pixel 
,m n^ h. Analogously to UIQI, namely, ,Q QQ2 2n0 =  may be 

written as the product of three terms:
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the first of which is the modulus of the HC correlation coef-
ficient between z  and zt . The second and the third terms mea-
sure contrast changes and mean bias, respectively, on all bands 
simultaneously. Statistics are calculated on N N#  blocks, typi-
cally, 32 × 32, and Q2n  is averaged over the blocks of the whole 
image to yield the global score index. Q2n  takes values in [0, 1] 
and is equal to one if and only if z z= t  for all pixels.

FULL-RESOLUTION ASSESSMENT
FR assessment infers the quality of the pansharpened 
image at the scale of the PAN image without resorting 
to a single reference image, which is not available [117], 
[120]. Consequently, the problem of assessing the qual-
ity of pansharpened products at FR is intrinsically ill 
posed. To solve the problem, new distortion measure-
ments have been introduced [115], [116], such that they 
do not depend on the unavailable true HRMS data but 
would measure zero distortions if such data were avail-
able. Two score indexes for FR assessment are reported in 
the following.

QUALITY WITH NO REFERENCE
The QNR protocol takes separate measurements, each nor-
malized in [0, 1] of spectral and spatial consistencies [115]. 
The motivation underlying this protocol is that the mutual 
similarities between any couples of MS bands and each MS 
band and PAN should be unchanged on average, varying 
with the resolution, that is, before and after fusion.

The spectral distortion, Dm , is calculated between the 
LRMS images and the fused MS images [115]. Two sets of 
interband UIQI values are calculated separately at low and 
high resolutions. The differences of corresponding UIQI 
values at the two scales yield the spectral distortion intro-
duced by the pansharpening process.

The spatial distortion, DS , combines the UIQI val-
ues computed between each MS band and the PAN im-
age degraded to the resolution of MS and again between 
fused MS and FR PAN. The absolute difference, averaged 
over all bands, between the corresponding UIQI values 
yields the spatial distortion DS  [115]. The spatial align-
ment between the original MS data and the PAN image 
is of crucial importance to have an accurate evaluation 
of this distortion index. The latter issue is considered to 
be solved by the upsampling of the MS image to the PAN 
scale. Thus, the implementation of this index can be per-
formed considering the problem at the PAN scale, i.e., ex-
ploiting the upsampled MS image instead of the original 
LRMS image.

The two distortions are then combined to provide a unique 
quality index, referred to as ,  0 1QNR ! ,6 @  with 1 being the 
best attainable value:

 ( )  ( ) ,D D1 1QNR S= - -m
a b  (25)

where usually 1a b= = .

HYBRID QUALITY WITH NO REFERENCE
The HQNR [117] borrows the spatial distortion index DS  
from QNR and the spectral distortion index from Khan’s 
protocol [116], i.e., ( , ),D Q1 2 MS MS( )K n= - .m

R\  where MS.\  
is the MTF-filtered pansharpened MS image considering a 
resolution ratio equal to R and MSR  is the original MS image 
interpolated to the PAN scale, R times lower than the MS 
scale. Again, this implementation is performed by exploiting 
the upsampled MS image, i.e., working at the PAN scale.
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(a) (b)

(c) (d)

(e) (f)

FIGURE 6. The data sets. (a) and (b) Toulouse data set, (c) and (d) Collazzone data set, and (e) and (f) NY data set. The first column con-
tains the MS images upsampled to the PAN scale, and the second column is about the PAN images.  
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It should be noted that D( )K
m  strictly follows the consis-

tency property and avoids possible drawbacks of Dm , which 
computes similarity indexes at different resolutions.

The two distortions are finally combined to yield the 
unique quality index

 ,D DHQNR 1 1 ( )K
S= - -m

a b^_ hi  (26)

where usually 1a b= = .

EXPERIMENTAL RESULTS
This section is devoted to the presentation of the experi-
mental results. 

DATA SETS
Three different scenarios acquired by three different sensors 
are considered in this article. For all of the cases, both the 
assessment at RR and at FR, following the indications drawn 
in the “Quality Assessment of Fusion Products” section, are 
provided, yielding six different test cases. The characteristics 
of the employed data sets are detailed in the following.

TOULOUSE DATA SET
This data set, exhibited in Figure 6(a) and (b), represents an 
urban area of the city of Toulouse (France). It is acquired by 
the IK sensor, which works in the visible and near-infrared 
spectrum range. The MS sensor is characterized by four bands 
(blue, green, red, and near infrared), and also a PAN channel 
is available. The resolution cell is   4 4m m#  for the MS bands 
and   1 1m m#  for the PAN channel. The resolution ratio R is, 
therefore, equal to four. The radiometric resolution is 11 bits. 
The size of an MS spectral band is 512 × 512 pixels. Thus, the 
PAN image is 2,048 × 2,048 pixels. For the test case at RR, both 
MS and PAN images are properly degraded, in agreement with 
Wald’s protocol. The ground-truth (GT) image is represented 
by the original MS image, and the low-pass version of the MS 
image has a size equal to 128 × 128 pixels.

COLLAZZONE DATA SET
This data set depicted in Figure 6(c) and (d) refers to a ru-
ral area of Collazzone, a small town in Central Italy. It is ac-
quired by the GE-1 sensor, which works in the visible and 
near-infrared spectrum range. The MS sensor is character-
ized by four bands (blue, green, red, and near infrared), and 
also a PAN channel is available. The spatial sampling inter-
val (SSI) is 2 m for MS and 0.5 m for PAN, respectively. Thus, 
R is equal to four. The radiometric resolution is 11 bits. The 
size of an MS spectral band is 512 × 512 pixels. Therefore, the 
PAN image is 2,048 × 2,048 pixels. For the test case at RR, 
both MS and PAN images are properly degraded, in agree-
ment with Wald’s protocol as for the Toulouse data set.

NEW YORK DATA SET
The New York (NY) data set, provided in Figure 6(e) and (f), 
represents an urban area of the city of New York with a more 
relevant presence of high buildings with respect to European 

urban scenarios, such as the one captured in the Toulouse 
data set. These data are acquired by the (WV-3) sensor, which 
works in the visible and near-infrared spectrum range. The 
MS sensor is characterized by eight spectral bands (coastal, 
blue, green, yellow, red, red edge, NIR1, and NIR2), and also 
a PAN channel is available. The SSI is 1.2 m for MS and 0.3 m 
for PAN, respectively. Therefore, R is equal to four. The radio-
metric resolution is 11 bits. The size of an MS spectral band 
is 512 × 512 pixels. Thus, the PAN image is 2,048 × 2,048 
pixels. For the test case at RR, both MS and PAN images are 
properly degraded, in agreement with Wald’s protocol, as for 
the Toulouse data set.

BENCHMARK
Several state-of-the-art algorithms are employed for com-
parison purposes:

 ◗ EXP: MS image interpolation using a polynomial kernel 
with 23 coefficients [43]

 ◗ CS methods
 • BT-H [59]
 • BDSD [33]
 • C-BDSD [34]
 • BDSD-PC [35]
 • GS [24]
 • GSA [30]
 • C-GSA [32]
 • PRACS [29]

 ◗ MRA methods
 • AWLP [61] with revised statistical matching be-
tween PAN and MS bands [31]

 • MTF-GLP: GLP [43] with MTF-matched filter [47], 
unitary injection model, and revised statistical 
matching between PAN and MS bands [31]

 • MTF-GLP-FS: GLP [43] with MTF-matched filter [47] 
with a new FS regression-based injection model [133]

 • MTF-GLP-HPM: GLP with MTF-matched filter [47] 
with HPM injection model [143] and revised statis-
tical matching between PAN and MS bands [31]

 • MTF-GLP-HPM-H: GLP with MTF-matched filter 
[47] with HPM injection model [143] and haze cor-
rection [59]

 • MTF-GLP-HPM-R: GLP with MTF-matched filter [47] 
and HPM injection model [143] with a new prelimi-
nary regression-based spectral matching phase [131]

 • MTF-GLP-CBD: GLP [43] with MTF-matched filter 
[47] and regression-based injection model [132]

 • C-MTF-GLP-CBD: context-based GLP [43] with 
MTF-matched filter [47] and regression-based injec-
tion model [132] with local parameter estimation 
exploiting clustering [32]

 • MF: nonlinear decomposition scheme using MFs 
based on half gradient [55]

 ◗ VO methods
 • FE-HPM: filter estimation based on a semiblind de-
convolution framework and HPM injection model 
[50]
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 • SR-D: pansharpening based on sparse representa-
tion of injected details [88]

 • PWMBF: model-based fusion using PCA and wave-
lets [79]

 • TV: pansharpening based on TV [67]
 • RR: model-based reduced-rank pansharpening 
[72], [134]

 ◗ ML methods
 • PNN: proposed in [91]
 • PNN-IDX: PNN augmenting the input by including 
several maps of nonlinear radiometric indexes as 
proposed in [91]

 • A-PNN: proposed in [95]
 • A-PNN-FT: proposed in [95].

A more detailed description of the methods can be 
found in the “Review of Pansharpening Methods” sec-
tion and in the related references. For the sake of brevity, 
the setting of the parameters for each approach into the 
benchmark can be found by having a look at the default 
parameters in the related MATLAB toolbox distributed to 
the community.

REDUCED-RESOLUTION PERFORMANCE ASSESSMENT
This section focuses on the presentation of the experimen-
tal results at RR. The comparison will be performed class 
by class, splitting the section into four subsections, one for 
each class. For a wider (interclass) discussion, interested 
readers can refer to the “Discussion” section, which com-
pletes the discussion of the experimental results.

COMPONENT SUBSTITUTION 
The products obtained through the CS methods have al-
ways been appreciated for the high quality of the spatial 
information, which is accurately transferred from the PAN 
image to the pansharpened image. The analysis conducted 
in this study confirms this consideration but highlights that 
a proper detail-extraction phase is required to obtain high 
performance. In fact, the GS method, which uses a simple 
average for constructing the low-pass PAN image from the 
MS channels, is not able to bear comparison with the other 
CS approaches.

A second crucial consideration regards the remarkable 
advances that have been obtained by the most recent imple-
mentations of the classical CS methods. In particular, parti-
tioning the image in segments allows a more specific evalu-
ation of the coefficients required by both the BDSD and 
the GSA method. However, the context-adaptive BDSD ap-
proach does not solve the difficulty of estimating the larger 
number of parameters involved in the fusion of the eight-
band WV-3 images. On the contrary, the introduction of the 
constraints with the BDSD-PC technique allows us to signifi-
cantly increase the robustness of the method, avoiding phys-
ically unjustifiable solutions. Similarly, taking into account 
the characteristics of the image acquisition process permits 
us to achieve a high-quality fused product through the BT-H 
method, while the original BT version was classified as a low-
performance approach in the previous study [14].

The visual analysis of the images, as in Figures 7 and 8, 
highlights that the improvements obtained by the recent 

(a) (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k) (l) (m) (n)

(o) (p) (q) (r) (s) (t) (u)

FIGURE 7. Close-ups of the main fusion results for the RR GE-1 Collazzone (selected bands: red, green, and blue): (a) GT, (b) EXP, (c) BT-H, 
(d) BDSD, (e) C-BDSD, (f) BDSD-PC, (g) C-GSA, (h) MTF-GLP-FS, (i) MTF-GLP-HPM-H, (j) MTF-GLP-HPM-R, (k) C-MTF-GLP-CBD, (l) MF,  
(m) FE-HPM, (n) SR-D, (o) PWMBF, (p) TV, (q) RR, (r) PNN, (s) PNN-IDX, (t) A-PNN, and (u) A-PNN-FT. 
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approaches are related to a more targeted introduction of 
the PAN information into the original MS image, which 
is the result of taking into account the features of the ac-
quisition sensors and the spatial characteristics of the il-
luminated scene. As a consequence, the details are more 
easily identifiable in the final products due to a higher 
contrast with respect to the surroundings. However, in 
some CS methods, this highlighting process can easily 
lead to overenhanced images, compromising the fidelity 
of the pansharpened product to the reference data.

MULTIRESOLUTION ANALYSIS
The key feature of the products obtained by applying MRA 
methods to aligned and aliasing-free images is the ac-
curate preservation of the spectral characteristics of the 
original image, which is a visual counterpart of Wald’s 
consistency property. In most cases, the results obtained  
using the recent algorithms based on a more accurate cal-
culation of the injection coefficients are superior to those 
of the original implementations. However, as for MRA ap-
proaches, the most significant improvements are achieved 
by using a segmentation-based implementation, namely, 
through the C-MTF-GLP-CBD, and by modifying the 
MTF-GLP-HPM scheme by taking into consideration the 
haze contribution.

In accordance with the small difference among the 
quality indexes contained in Table 3, the visual differ-
ences among the images, as in Figures 7 and 8, are almost 

negligible. The most significant quality enhancement re-
gards the substantial reduction of the fusion artifacts in-
troduced by the two cited C-MTF-GLP-CBD and MTF-GLP-
HPM-H methods, which is particularly evident in the rural 
areas contained in the Collazzone data set.

VARIATIONAL OPTIMIZATION-BASED METHODS
By looking at experimental results in Table 3 obtained by 
VO techniques, it is possible to state that techniques rely-
ing on an acquisition model, such as TV and RR, provide 
results comparable with the best results obtained by the 
other pansharpening families. This can be explained by 
the effectiveness of the regularization (i.e., piecewise spa-
tial smoothness for TV and low-rank representation for 
RR), which allows finding a suitable solution to the asso-
ciated ill-posed inverse problem. The technique FE-HPM 
shows results that are comparable with MTF-based MRA 
techniques but not systematically better, which could be 
due to deviations of the sensor model considered with re-
spect to the reality. The dictionary-based SR-D also reaches 
overall very good performance (always very close to the 
best VO approach for each test case), thanks to the image 
self-similarity, which is exploited in the sparse represen-
tation. The results obtained by PWMBF often stay below 
the other VO methods in terms of performance indexes for 
these tests. This can be associated with a slightly greater 
spectral and spatial distortion with respect to the other VO 
techniques.

(a) (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k) (l) (m) (n)

(o) (p) (q) (r) (s) (t) (u)

FIGURE 8. Close-ups of the main fusion results for the RR WV-3 NY data set (selected bands: red, green, and blue): (a) GT, (b) EXP, (c) BT-H, 
(d) BDSD, (e) C-BDSD, (f) BDSD-PC, (g) C-GSA, (h) MTF-GLP-FS, (i) MTF-GLP-HPM-H, (j) MTF-GLP-HPM-R, (k) C-MTF-GLP-CBD, (l) MF, (m) 
FE-HPM, (n) SR-D, (o) PWMBF, (p) TV, (q) RR, (r) PNN, (s) PNN-IDX, (t) A-PNN, and (u) A-PNN-FT. (Satellite images courtesy of the Digital-
Globe Foundation.) 
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MACHINE LEARNING 
Let us start focusing on the two variants proposed in [91], 
PNN and PNN-IDX. Contrary to the experimental obser-
vations provided in [91], here PNN-IDX does not provide 
any performance gain over the baseline model PNN, giv-
ing even worse results on IK and GE-1. This can be justified 
by recalling that, in the original work, where PNN-IDX was 
recognized as the best model, both of these versions were 
trained on the same acquisitions used for tests (but separate 
cuts), whereas, in the current experimental frame train, test 
data are taken from different acquisitions. In [95], the use of 
indexes as additional input bands was also investigated em-
ploying different training and test acquisitions with results 
similar to ours. Therefore, we can safely conclude that the 
use of those additional features in input impacts the net-
work robustness in real-world practical applications where 
the pretrained model has to be used as an off-the-shelf tool.

Moving to the advanced models proposed in [95], A-
PNN and A-PNN-FT perform better than the PNN and 
PNN-IDX, on average. In particular, A-PNN achieves the 

top performance on IK, not just among ML approaches, 
whereas A-PNN-FT is the best on GE-1. On WV-3 images, 
instead, the various versions of PNN appear to lose their 
edge over non-ML methods. This is due in part to the fact 
that these ML models were originally conceived and opti-
mized for WV-2 images, while here we test their versions 
retrained on a WV-3 data set of Rio de Janeiro.

At first glance, one may conclude that the FT is not as ef-
fective as expected. Indeed, this is only partly true. We may 
observe, in fact, that all models are pretrained by down-
grading the resolution of the data sets assigned to the train-
ing phase. In addition to this, at inference time, A-PNN-FT 
performs additional training iterations on the RR version 
of the test image. As a consequence, if the test is performed 
on an image whose resolution has already been reduced 
(as in this evaluation framework), the downgrading ap-
plies twice, thus creating a resolution mismatch between 
the pretraining and the FT stages. This penalizes the FT ver-
sion not only because of the poorer resolution of the train-
ing sample but also because of its reduced size, which can 

TABLE 3. THE PERFORMANCE INDEXES (Q4/Q8, SAM MEASURED IN DEGREES, AND ERGAS) COMPUTED FOR THE THREE RR 
DATA SETS. 

IK TOULOUSE GE-1 COLLAZZONE WV-3 NY 

Q4 SAM [°] ERGAS Q4 SAM [°] ERGAS Q8 SAM [°] ERGAS

GT 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 1.0000 0.0000 0.0000 

EXP 0.4795 5.1823 6.3953 0.7850 2.3729 3.2092 0.6513 7.2118 8.1106

C
S 

BTH 0.9120 3.4491 2.9962 0.8865 2.5316 2.4135 0.9241 6.4530 3.9714 

BDSD 0.9091 2.9571 2.9307 0.8850 2.6448 2.6387 0.9313 6.9330 3.9355

CBDSD 0.9096 2.9595 2.9520 0.8973 2.5724 2.6169 0.9248 7.3269 4.3062 

BDSDPC 0.9094 2.9576 2.9309 0.8851 2.6369 2.6321 0.9327 6.8388 3.8905

GS 0.7744 4.6757 4.6690 0.8227 2.6073 2.8448 0.8586 6.9743 5.2799 

GSA 0.9053 3.2310 3.0855 0.8703 3.0449 2.9043 0.9217 6.8037 4.0590

CGSA 0.9068 3.0756 3.0198 0.8852 2.3943 2.5085 0.9213 6.6967 4.0504 

PRACS 0.8845 3.8224 3.5279 0.8946 2.6709 2.2256 0.8972 7.2756 4.6838

M
R

A

AWLP 0.9001 3.8647 3.2215 0.8752 2.6819 2.5292 0.9200 6.7638 4.1476 

MTFGLP 0.8906 3.1934 3.3241 0.8660 2.5683 2.9581 0.9284 6.5710 3.9013

MTFGLPFS 0.9076 3.0906 3.0104 0.8754 2.9874 2.8254 0.9228 6.7650 4.0434 

MTFGLPHPM 0.8964 3.1215 3.2068 0.8662 2.6734 2.9885 0.9289 6.6696 3.9032 

MTFGLPHPMH 0.9121 3.5111 3.0312 0.8874 2.5685 2.4208 0.9265 6.4478 3.9501 

MTFGLPHPMR 0.9105 3.1454 2.9727 0.8725 3.1349 2.9301 0.9228 7.0038 4.0692 

MTFGLPCBD 0.9057 3.2102 3.0656 0.8735 3.0559 2.8790 0.9222 6.7780 4.0586 

CMTFGLPCBD 0.9039 2.9279 3.1068 0.8932 2.3896 2.3836 0.9211 6.6781 4.0627 

MF 0.8766 3.6261 3.5924 0.8946 2.4802 2.4462 0.9019 6.7911 4.6377 

VO
 

FEHPM 0.8911 3.6422 3.3535 0.9003 2.4530 2.3438 0.9079 6.7763 4.3291 

SRD 0.9108 2.9571 2.8708 0.9159 2.2700 2.1208 0.9113 6.6269 4.3472 

PWMBF 0.8756 3.2888 3.2093 0.8697 2.9468 2.4647 0.8972 7.4606 4.5811 

TV 0.9023 2.8455 2.9508 0.9172 2.4304 1.9970 0.9277 6.6213 4.0630 

RR 0.9109 2.9516 2.8662 0.8860 2.2039 2.2934 0.9256 6.8862 4.0599 

M
L 

PNN 0.9132 2.8061 2.9078 0.9394 1.7729 1.7049 0.8937 6.3198 4.7539 

PNNIDX 0.9067 3.0148 2.9808 0.9371 1.8382 1.7341 0.8972 6.2281 4.6880 

APNN 0.9278 2.6846 2.8313 0.9156 1.8923 2.1306 0.8946 6.2347 4.7359 

APNNFT 0.9030 3.0385 3.1790 0.9519 1.7697 1.5747 0.8991 6.4752 4.6136 

The best overall results are shown in boldface. The best results for each class of pansharpening algorithms are underlined.
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become very small if the test image is not sufficiently large. 
In our case, the FT eventually operates on a 128 × 128 (PAN 
scale) input. Of course, what is really important is that this 
mismatch does not occur in practical applications at FR.

FULL-RESOLUTION PERFORMANCE ASSESSMENT
This section focuses on the experimental results at FR. The 
comparison will be performed by splitting the section into 
four subsections, one for each class. For a broader (inter-
class) discussion, interested readers can refer to the “Dis-
cussion” section, which completes the discussion of the 
experimental results.

COMPONENT SUBSTITUTION 
The analyses of the FR quality indexes in Table 4 are in sub-
stantial accordance with the results obtained at RR. How-
ever, the presence of details at a higher resolution gives evi-
dence of different characteristics. In particular, it becomes 
clear that the improvements caused by the segmentation 
algorithms are mainly due to a significant reduction of the 
spatial distortion. The most evident difference from the RR 
protocol is in regards to the PRACS method, which obtains 

the best results in terms of the chosen quality indexes with-
out reference, rewarding the optimal balance between de-
tail enhancement and consistency with respect to the origi-
nal data.

In fact, as is also clear from Figure 9, most algorithms 
perform strong enhancement of the local contrast entail-
ing the presence of zones with unnatural colors (see, for ex-
ample, the colors of the roofs in the C-BDSD pansharpened 
product related to the Toulouse data set).

MULTIRESOLUTION ANALYSIS 
The performance of the algorithms at FR strictly matches 
those obtained at RR, underlining the significant improve-
ment achievable by running the MTF-GLP-CBD on image 
segments and by correcting the HPM scheme to take into 
account the atmospheric effects.

Thanks to the presence of vast rural and vegetated ar-
eas, the Collazzone data set highlights the importance of 
considering the path-radiance contribution. Figure 10(c), 
related to the MTF-GLP-HPM-H method, shows the signif-
icant noise reduction obtained by excluding the haze from 
the pansharpening process. The corresponding quality 

TABLE 4. THE PERFORMANCE INDEXES (Dm Ds, AND HQNR) COMPUTED FOR THE THREE FR DATA SETS.

IK TOULOUSE FR GE-1 COLLAZZONE FR WV-3 NY FR 

Dm DS HQNR Dm DS HQNR Dm DS HQNR

EXP 0.0563 0.1696 0.7836 0.0285 0.1156 0.8591 0.0562 0.1561 0.7964

C
S 

BTH 0.0698 0.0847 0.8514 0.0387 0.0829 0.8816 0.0983 0.0829 0.8269

BDSD 0.0897 0.0642 0.8519 0.0408 0.1240 0.8402 0.1719 0.0484 0.7880

CBDSD 0.0900 0.0441 0.8699 0.0341 0.0898 0.8792 0.1770 0.0598 0.7738

BDSDPC 0.0883 0.0655 0.8520 0.0408 0.1254 0.8389 0.1554 0.0251 0.8234

GS 0.1480 0.0581 0.8024 0.1688 0.0605 0.7809 0.1332 0.0500 0.8234

GSA 0.0754 0.1053 0.8272 0.0562 0.1512 0.8011 0.1069 0.0793 0.8223

CGSA 0.0672 0.0808 0.8575 0.0501 0.1394 0.8175 0.1022 0.0747 0.8307

PRACS 0.0570 0.0647 0.8820 0.0346 0.0754 0.8926 0.0784 0.0359 0.8885

M
R

A

AWLP 0.0272 0.0989 0.8765 0.0194 0.0764 0.9057 0.0316 0.0570 0.9132

MTFGLP 0.0293 0.0995 0.8742 0.0299 0.1504 0.8242 0.0342 0.0786 0.8899

MTFGLPFS 0.0285 0.0930 0.8811 0.0270 0.1387 0.8381 0.0347 0.0740 0.8939

MTFGLPHPM 0.0284 0.0928 0.8814 0.0318 0.1507 0.8223 0.0360 0.0738 0.8929

MTFGLPHPMH 0.0286 0.0761 0.8975 0.0196 0.0779 0.9040 0.0344 0.0831 0.8854

MTFGLPHPMR 0.0277 0.0872 0.8874 0.0283 0.1384 0.8372 0.0356 0.0679 0.8989

MTFGLPCBD 0.0285 0.0931 0.8810 0.0275 0.1397 0.8367 0.0349 0.0722 0.8955

CMTFGLPCBD 0.0356 0.0317 0.9338 0.0235 0.1243 0.8551 0.0375 0.0407 0.9233

MF 0.0423 0.0784 0.8826 0.0387 0.1434 0.8234 0.0381 0.0617 0.9026

VO
 

FEHPM 0.0289 0.0816 0.8919 0.0305 0.1471 0.8268 0.0347 0.0693 0.8985

SRD 0.0173 0.0444 0.9391 0.0082 0.0248 0.9672 0.0199 0.0369 0.9440

PWMBF 0.0844 0.1026 0.8217 0.0691 0.0480 0.8862 0.0716 0.1082 0.8279

TV 0.0471 0.0303 0.9240 0.0553 0.0534 0.8943 0.0234 0.0252 0.9520

RR 0.0803 0.4136 0.5393 0.0680 0.0633 0.8731 0.0956 0.0597 0.8504

M
L 

PNN 0.0375 0.0539 0.9107 0.0225 0.0767 0.9026 0.0535 0.0639 0.8860

PNNIDX 0.0609 0.0334 0.9077 0.0253 0.0581 0.9180 0.0599 0.1037 0.8426

APNN 0.0342 0.0399 0.9273 0.0143 0.0568 0.9298 0.0463 0.0756 0.8816

APNNFT 0.0344 0.0265 0.9399 0.0146 0.0451 0.9410 0.0523 0.0188 0.9299

The best overall results are shown in boldface. The best results for each class of pansharpening algorithms are underlined.
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(a) (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k) (l) (m) (n)

(o) (p) (q) (r) (s) (t) (u)

FIGURE 9. Close-ups of the main fusion results for the FR IK Toulouse (selected bands: red, green, and blue): (a) EXP, (b) PAN, (c) BT-H, (d) 
BDSD, (e) C-BDSD, (f) BDSD-PC, (g) C-GSA, (h) MTF-GLP-FS, (i) MTF-GLP-HPM-H, (j) MTF-GLP-HPM-R, (k) C-MTF-GLP-CBD, (l) MF, (m) FE-
HPM, (n) SR-D, (o) PWMBF, (p) TV, (q) RR, (r) PNN, (s) PNN-IDX, (t) A-PNN, and (u) A-PNN-FT. 

(a) (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k) (l) (m) (n)

(o) (p) (q) (r) (s) (t) (u)

FIGURE 10. Close-ups of the main fusion results for the FR GE-1 Collazzone (selected bands: red, green, and blue): (a) EXP, (b) PAN, (c) BT-
H, (d) BDSD, (e) C-BDSD, (f) BDSD-PC, (g) C-GSA, (h) MTF-GLP-FS, (i) MTF-GLP-HPM-H, (j) MTF-GLP-HPM-R, (k) C-MTF-GLP-CBD, (l) MF, 
(m) FE-HPM, (n) SR-D, (o) PWMBF, (p) TV, (q) RR, (r) PNN, (s) PNN-IDX, (t) A-PNN, and (u) A-PNN-FT.
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indexes in Table 4 confirm the best results obtained by this 
method.

VARIATIONAL OPTIMIZATION-BASED METHODS
The results reported in Table 4 for the VO techniques over-
all consolidate the outcomes of the analysis at RR. Overall 
good results can be pointed out by both TV and SR-D. In 
particular, the TV is the best method for the WV-3 NY data 
set thanks to its spatial regularization, which can positively 
match the urban and human-made structures. SR-D also 
obtains high-performance scores, overall outperforming 
all other VO techniques for the Toulouse and the GE-1 data 
sets. The results of the FE-HPM and PWMBF techniques are, 
in general, behind those algorithms, as also shown at RR. 
Finally, the RR method often shows the opposite behavior 
with respect to the RR assessment (e.g., it was the best VO 
method for IK Toulouse at RR but got the lowest perfor-
mance for the related FR data set).

MACHINE LEARNING
The overall behavior of the ML methods at FR is rather satisfy-
ing. If we focus on the HQNR figure, which summarizes spa-
tial and spectral distortions, ML scores fall between 0.9 and 
0.97 for the Toulouse and Collazzone data sets, with A-PNN-
FT always above 0.93. Lower performance can be remarked 
only on the NY data sets, following the results obtained at 
RR. In more detail, on IK and GE-1 data, a progressive perfor-
mance gain is observed when moving from the basic model 
PNN to the most advanced one, A-PNN-FT. A bit less obvi-
ous is the analysis for WV-3. PNN, PNN-IDX, and A-PNN, in 
fact, show a performance drop. As already remarked, PNN-
IDX is more sensitive to the (statistical) alignment between 
the training and test data sets than PNN. As a consequence, 
its performance drop on WV-3 indicates that such a statisti-
cal shift is larger in this case. This intuition is confirmed by 
the large HQNR gain of A-PNN-FT over A-PNN (recall that the 
former is a refinement of the latter), about 5%, whereas it is 

TABLE 5. THE COMPUTATIONAL TIMES (IN SECONDS) OF THE COMPARED ALGORITHMS AS A FUNCTION OF THE FUSED 
 IMAGE SIZE.

FOURBAND MS EIGHTBAND MS

256 512 1024 2048 256 512 1024 2048

EXP 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

C
S 

BTH 0.0 0.1 0.3 1.2 0.0 0.1 0.4 1.5

BDSD 0.0 0.1 0.3 1.2 0.1 0.1 0.5 2.0 

CBDSD 0.3 1.4 6.4 26.9 0.6 2.6 10.7 48.2

BDSDPC 0.0 0.1 0.3 1.2 0.1 0.2 0.6 2.5 

GS 0.0 0.1 0.3 1.3 0.0 0.2 0.6 2.4

GSA 0.0 0.2 0.7 3.0 0.1 0.3 1.1 4.3 

CGSA 0.3 1.6 7.0 36.6 0.3 1.5 8.0 31.3

PRACS 0.1 0.3 1.2 4.9 0.2 0.9 3.9 15.4 

M
R

A 

AWLP 0.1 0.4 1.8 7.5 0.1 0.8 3.6 14.7

MTFGLP 0.1 0.3 1.0 4.5 0.2 0.5 1.9 8.6 

MTFGLPFS 0.1 0.2 0.7 2.9 0.1 0.4 1.3 5.7

MTFGLPHPM 0.1 0.3 1.0 4.4 0.2 0.5 2.0 8.5 

MTFGLPHPMH 0.1 0.2 0.9 3.8 0.1 0.4 1.5 6.5

MTFGLPHPMR 0.1 0.2 0.6 2.7 0.1 0.3 1.2 5.3 

MTFGLPCBD 0.1 0.2 0.7 3.1 0.1 0.4 1.4 6.1 

CMTFGLPCBD 0.3 1.4 7.4 30.3 0.3 1.8 8.6 33.3 

MF 0.0 0.1 0.6 2.2 0.1 0.3 1.1 4.5 

VO
 

FEHPM 0.2 0.6 2.6 10.8 0.2 1.0 3.9 16.0 

SRD 1.2 5.1 40.8 553.4 2.1 9.4 92.8 992.0 

PWMBF 0.2 0.9 3.9 17.4 0.3 1.0 4.0 18.2 

TV 0.4 2.7 11.6 46.9 4.4 26.7 116.9 472.8 

RR 28.0 207.9 1053.3 4482.8 79.8 326.5 1309.0 5678.7

M
L 

PNN 0.5 0.7 1.6 5.0 0.6 0.9 2.4 8.1 

PNNIDX 0.5 0.7 1.7 5.5 0.6 1.0 2.8 9.7 

APNN 0.6 0.8 1.7 5.2 0.6 1.0 2.6 8.6 

APNNFT 4.2 6.5 16.3 55.5 4.6 7.9 21.6 77.9 

M
LG

PU

PNN 0.5 0.5 0.7 1.7 0.5 0.6 1.0 2.7 

PNNIDX 0.4 0.5 0.8 2.2 0.5 0.6 1.2 3.7 

APNN 0.5 0.6 0.8 1.9 0.5 0.6 1.1 3.1 

APNNFT 3.8 3.9 4.6 7.6 4.0 4.2 5.4 10.4 
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smaller than 2% on the other two data sets. Of course, the 
pretty good performance of A-PNN-FT is achieved thanks to a 
supplemental training phase that requires additional compu-
tational efforts.

COMPUTATIONAL ANALYSIS
A crucial point of this study is the analysis of the computa-
tional effort required by the compared algorithms. While 
classical methods (CS and MRA) take approximately the 
same time to generate the final product, third-generation 
(VO and ML) approaches could be characterized by a lon-
ger execution time, which is quite algorithm dependent.

We report in Table 5 the execution times of the compared 
methods, calculated using a workstation equipped with an 
Intel Core I7 3.2-GHz processor and a Titan XP GPU. A gen-
eral trend is the linear increase of the computational time 
with the number of pixels (namely, with the square of the 
image size indicated in the table).

Taking into consideration the values obtained by the CS 
and MRA algorithms, we can note that most recent imple-
mentations require a computational effort very similar to 
the original versions. The unique exception is represented 
by the methods based on image segmentation, which are 
characterized by higher computational times. The increase 
is due to the preliminary classification phase and to the ad-
ditional work required by the segment-by-segment fusion. 
While the first issue can be limited when a fusion algorithm 
is repetitively used to fuse data acquired over the same area, 
the second problem always introduces an additional effort, 
which grows with the number of segments.

The key considerations involve the VO methods, which 
are based on an optimization phase. Some of the compared 
approaches (FE-HPM and PWMBF) are more efficient, 
since they are based on credited models for data fusion 
whose parameters can be estimated through efficient pro-
cedures. The remaining three VO techniques are the most 
time-consuming ones. The SR-D method, which includes a 
demanding phase of dictionary construction and a patch-
based optimization of the representation coefficients, is 
characterized by a computational time growth (a func-
tion of the number of pixels) that exceeds the linear trend 
shown by most of the compared algorithms. However, this 
effect can be reduced by partitioning the data into subim-
ages. This gives back to the linear trend without implying a 
significant reduction of the performance.

Finally, we report in Table 5 the computational times 
related to the ML techniques. In particular, we first indi-
cate the effort required by the algorithms executed using 
the workstation CPU, which can be straightforwardly com-
pared to those of the other algorithms. The values related 
to the approaches without FT are quite similar to classical 
methods. On the contrary, the A-PNN-FT takes longer than 
CS and MRA approaches to produce the pansharpened 
product. However, it is remarkable that the FT included 
in the A-PNN-FT approach does not turn out to be an in-
tractable step also in the case of large-sized images. As a 

matter of fact, the most natural way to carry out the ML 
approaches is by means of a GPU, which allows realizing a 
parallel implementation of the network. The values in the 
last four rows of Table 5 confirm that a significant reduction 
of the execution times can be achieved by employing the 
workstation GPU. 

 The number of training samples for a given CNN model 
must be sufficiently large to prevent overfitting and ensure 
generality. On the other hand, a too-large data set would 
require excessive training time. Aware of this tradeoff, the 
authors of the several PNN versions [91], [95] have collected 
training and validation samples as described in Table 6. For 
each sensor, a single, sufficiently large image was selected. 
Once rescaled according to Wald’s protocol, tens of thou-
sands of small ( )33 33#  patches were randomly cropped 
from them to create disjointed sets for training and valida-
tion. Moreover, the training sets were organized in mini-
batches of 128 elements for an efficient implementation 
of the stochastic gradient descent algorithm used for opti-
mization. All networks were trained using a fixed number 
of iterations ( )106  over the minibatches, corresponding to 
about ten thousand epochs (passages over the whole train-
ing data set), and took approximately the same computa-
tional time of about ten hours using a GTX Titan X 12-GB 
GPU card.

DISCUSSION
A benchmark consisting of 26 pansharpening approaches 
has been proposed and tested on challenging scenarios, 
from urban to rural areas, considering many commonly 
used commercial sensors. Generally speaking, the experi-
mental results show very high performance for almost all of 
the methods in the benchmark. In fact, except for the out-
dated GS method (included for aiding possible meta-anal-
ysis), all of the techniques got values of the overall quality 
index, Q2n , greater than 0.87; see Table 3. A general trend 
over the RR data sets can also be drawn. Indeed, better re-
sults (with many algorithms getting Q2n  values around 
0.92) can be remarked when WV-3 data are fused. Instead, 
lower performance (with many Q2n  values lower than 
0.90) is obtained for the GE-1 Collazzone data set. These 
results can be justified considering that 1) many researchers 
rely upon the assessment of data capturing urban scenarios 
and involving data acquired by the WorldView-2/-3 satel-
lites and 2) the performance assessment on rural scenarios 
(as the GE-1 Collazzone data set) is often neglected in the 
literature. Furthermore, this trend at RR is confirmed at FR.

TABLE 6. THE TRAINING AND VALIDATION SAMPLES.

SENSOR SITE TRAINING VALIDATION 

IK Caserta , ( )14 400 33 33# # , ( )7 168 33 33# #

GE-1 Caserta , ( )14 400 33 33# # , ( )7 168 33 33# #

WV-3 Rio de 
Janeiro 

, ( )10 800 33 33# # , ( )3 600 33 33# #
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After a general discussion about the results obtained by 
the proposed benchmark, the following remarks are related 
to the interclass comparison. By focusing on the results at 
RR and, in particular, by analyzing the overall quality in-
dex, Q2n , the A-PNN method gets the best results on the IK 
Toulouse data set, followed, in order, by BT-H, MTF-GLP-
HPM-H, and RR. Thus, comparable performance can be 
obtained in this case among the best methods in the four 
classes. Instead, the gap between classical methods (i.e., 
CS and MRA) and the third-generation approaches (i.e., 
VO and ML) increases when rural scenarios (e.g., the GE-1 
Collazzone data set) are considered. In that case, ML ap-
proaches clearly represent the best solution (in particular, 
the A-PNN-FT is the best method), followed by some VO 
approaches (i.e., TV and SR-D). These results encourage fu-
ture research in the direction of fusing rural scenarios using 
CS or MRA approaches. The last test case is instead related 
to the fusion of the eight-band WV-3 NY data set. Table 3 
shows an opposite trend with respect to the GE-1 Collaz-
zone data set. In fact, the best approach is represented by 
the BDSD-PC, followed by several other CS and MRA meth-
ods. Comparable performance out of the CS and the MRA 
categories is only obtained by the RR and the TV methods, 
both belonging to the VO class. Instead, ML methods get 
lower performance, with Q2n  indexes lower than 0.9. This 
is due to the fact that the related models were originally 
conceived and optimized for WV-2 images, while we test 
their versions retrained on a sole WV-3 data set. The last re-
mark about the outcomes at RR is related to the comparison 
between CS and MRA. Indeed, the optimized versions of 
these methods in both categories converge toward the same 
(high) performance in all of the test cases.

Further analysis is performed by having a look at the FR 
outcomes that generally corroborate the ones at RR. This 
is particularly true for the intraclass comparison. Instead, 
when methods belonging to different fusion philosophies 
are compared, the FR HQNR index shows some limitations 
because of the absence of a GT image for an accurate per-
formance assessment, thus often experimenting with inac-
curate values for the spatial distortion index, DS . For in-
stance, in the case of the WV-3 NY data set, MRA methods 
got better results than CS methods (instead, at RR, a CS ap-
proach was the best choice), and the CS and MRA methods 
obtained lower performance than A-PNN-FT and some VO 
algorithms (it is easy to see the opposite behavior at RR). A 
final comment about the FR outcomes reported in Table 4 
is that the A-PNN-FT method shows its superiority, as mea-
sured by the overall quality index HQNR, with respect to 
the other approaches, on the IK Toulouse data set. Instead, 
the advantages are reduced when the FR WV-3 NY data set 
is considered. In this case, the best performance is obtained 
by the TV method, followed, in order, by SR-D and A-PNN-
FT. Generally speaking, the A-PNN-FT and some VO ap-
proaches, such as TV and SR-D, are favorites at FR, show-
ing remarkably higher HQNR values than CS methods and 
usually better performance than MRA methods.

Finally, computational analysis is performed in the 
“Computational Analysis” section. For this study, CS and 
MRA approaches represent a sort of baseline, not requir-
ing a high computational burden (except for segmentation-
based approaches). Moreover, they do not usually need 
any parameter tuning (as required by VO methods); nor do 
they require a training phase (as required by ML methods). 
Generally speaking, we can say that some VO approaches 
are quite time consuming (e.g., the RR method). It is useful 
to remark that VO methods are very sensitive to the choice 
of hyperparameters, both in terms of computational time 
and performance. Accordingly, they often require an accu-
rate optimization phase that might hide their true poten-
tial. For this reason, VO methods could become practical if 
the problem of selecting good hyperparameters is quickly 
solved.

A reduced effort with respect to VO methods is instead 
required by ML approaches, leveraging the use of a GPU ar-
chitecture. The unique exception (requiring more process-
ing time than the other ML-based methods) is given by the 
A-PNN-FT that exploits an FT phase to improve the perfor-
mance. The last note is about the methods of the ML class. 
Indeed, in this case, the time-consuming phase is the train-
ing of the underlying models for each fusion problem to be 
addressed. Indeed, it requires special hardware (GPUs) to 
be used, involving many samples to properly train those 
models to reach high performance in the operational phase.

SUMMARY
This article investigated several state-of-the-art pansharp-
ening algorithms belonging to different classes. In partic-
ular, a critical comparison, including both classical (i.e., 
CS and MRA) and the third-generation (i.e., VO and ML) 
approaches, has been presented. To our knowledge, this 
is the first attempt to fairly compare all of these heteroge-
neous methods using a common framework for the assess-
ment. Data acquired by three commercial sensors (i.e., IK, 
GE-1, and WV-3) over different scenarios, from urban to 
rural areas, have been exploited. Both the assessments at 
RR and at FR have been considered. Furthermore, a com-
putational analysis has been provided. Very high perfor-
mance (both at FR and at RR) has been shown by some 
ML approaches. However, this requires a huge number of 
data samples and a time-demanding training phase for 
the underlying models. Furthermore, some methods in 
the VO class, such as TV and SR-D, obtained state-of-the-
art performance but with a higher computational burden 
than classical (CS and MRA) approaches. Finally, high 
performance has been shown by many recent advanced 
CS and MRA methods, in particular, on WV-3 data, where 
BDSD-PC turns out to be the best approach at RR. How-
ever, this trend is not confirmed when rural scenarios 
are involved (see the results on the GE-1 Collazzone data 
set), suggesting an additional effort in developing new CS 
and MRA techniques that are also able to deal with this 
(less explored) problem. A concluding remark is about 
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the assessment at FR. In fact, the results often corroborate 
the ones at RR. However, when an interclass comparison 
involving approaches referring to very different fusion 
philosophies is performed, some inconsistencies can be 
pointed out, pushing future research toward this debated 
scientific direction.
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